BACKGROUND/OBJECTIVE: Serum metabolites have been linked to higher risk of chronic diseases but determinants of serum metabolites are not clear. We aimed to investigate the association between habitual diet as a modifiable risk factor and relevant serum metabolites. SUBJECTS/METHODS: This cross-sectional study comprised 2380 EPIC-Potsdam participants. Intake of 45 food groups was assessed by food frequency questionnaire and concentrations of 127 serum metabolites were measured by targeted metabolomics. Reduced rank regression was used to find dietary patterns that explain the maximum variation of metabolites. RESULTS: In the multivariable-adjusted model, the proportion of explained variation by habitual diet was ranked as follows: acyl-alkyl-phosphatidylcholines (5.7%), sphingomyelins (5.1%), diacyl-phosphatidylcholines (4.4%), lyso-phosphatidylcholines (4.1%), acylcarnitines (3.5%), amino acids (2.2%) and hexose (1.6%). A pattern with high intake of butter and low intake of margarine was related to acylcarnitines, acyl-alkyl-phosphatidylcholines, lyso-phosphatidylcholines and hydroxy-sphingomyelins, particularly with saturated and monounsaturated fatty acid side chains. A pattern with high intake of red meat and fish and low intake of whole-grain bread and tea was related to hexose and phosphatidylcholines. A pattern consisting of high intake of potatoes, dairy products and cornflakes particularly explained methionine and branched chain amino acids. Dietary patterns related to type 2 diabetes-relevant metabolites included high intake of red meat and low intake of whole-grain bread, tea, coffee, cake and cookies, canned fruits and fish. CONCLUSIONS: Dietary patterns characterized by intakes of red meat, whole-grain bread, tea and coffee were linked to relevant metabolites and could be potential targets for chronic disease prevention. ( Keywords: metabolomics; metabolites; diet; food intake; reduced rank regression; systems epidemiology INTRODUCTION Advancement of technologies from analytical chemistry, particularly nuclear magnetic resonance spectroscopy and mass spectrometry (MS), made high-throughput metabolomic analysis of biological specimen possible. To date, an increasing number of metabolomic platforms enable robust and quick measurements of metabolites not only for single patients but also for large-scale metabolic profiling in epidemiologic studies. Thereby, metabolomics offers great potential to study metabolic alterations that are linked to higher risk of chronic diseases. Alterations in blood concentrations of metabolites were for example observed among obese individuals, people with impaired glucose tolerance and type 2 diabetes patients.
INTRODUCTION
Advancement of technologies from analytical chemistry, particularly nuclear magnetic resonance spectroscopy and mass spectrometry (MS), made high-throughput metabolomic analysis of biological specimen possible. To date, an increasing number of metabolomic platforms enable robust and quick measurements of metabolites not only for single patients but also for large-scale metabolic profiling in epidemiologic studies. Thereby, metabolomics offers great potential to study metabolic alterations that are linked to higher risk of chronic diseases. Alterations in blood concentrations of metabolites were for example observed among obese individuals, people with impaired glucose tolerance and type 2 diabetes patients. [1] [2] [3] [4] [5] These changes included acylcarnitines, 1, 3 amino acids, 3,4 sugars 2,5 and different lipid species. 2, 3 Recently, the use of tandem MS techniques in the frame of different prospective cohort studies has enabled the identification of metabolites that predict chronic diseases. Particularly, higher concentrations of branched chain and aromatic amino acids were identified to be linked to higher risk of type 2 diabetes in the Framingham Offspring study and the Malmö Diet and Cancer study. 6 Recent work from our group confirmed this finding; additionally, we identified increased hexose and diacyl-phosphatidylcholines, and reduced acylalkyl-and lyso-phosphatidylcholines, and sphingomyelins to be associated with development of type 2 diabetes in the European Prospective Investigation into Cancer and Nutrition (EPIC)-Potsdam study. 7 From a public health perspective it is of interest to investigate modifiable risk factors that contribute to changes in metabolite concentrations related to disease risk. In this context, it has been suggested that metabolites may be very responsive to exposure of dietary, environmental and lifestyle factors. 8 Particularly, one would expect that habitual dietary patterns are linked to blood concentrations of metabolites, as diet could be a primary source of metabolites, and secondarily, induce metabolic responses.
habits may be reflected in metabolic profiles. 11 However, the association between habitual diet and blood concentrations of different classes of metabolites related to disease risk has not been well examined at the population level. It would be of particular interest to identify those foods in the usual diet that explain most of the variation of metabolites. Thereby, the understanding of the biological mechanisms could be improved, and consequently, adequate dietary recommendations and prevention strategies for chronic disease risk could be developed.
Thus, to investigate the association between habitual diet and serum metabolites, we applied a common method from dietary pattern analysis, that is, reduced rank regression (RRR), 12 and used data on self-reported diet and measurement of serum metabolite concentrations from the EPIC-Potsdam study. In a first step, we investigated the proportion of variation in relevant serum metabolites (including acylcarnitines, amino acids, hexose and choline-containing phospholipids) that was related to dietary patterns derived from RRR. Second, we aimed to identify important foods that were included into these metabolite-linked dietary patterns.
SUBJECTS AND METHODS

Study population
EPIC is a multicenter prospective cohort study conducted in 10 European countries to investigate the relationship between diet and risk of cancer but considering other risk factors and diseases as well. EPIC-Potsdam located in Germany comprises 27 548 participants from the general population of Potsdam and surrounding areas with an age range mainly between 35 and 65 years at the time of recruitment. 13 Between 1994 and 1998, participants were invited to the study center where they provided written informed consent before they took part in the baseline examination.
14 During the baseline examination, anthropometric and blood pressure measurements and a blood sample collection were conducted by qualified medical staff following standardized protocols. 14 In particular, 30 ml of venous blood were drawn, immediately processed and fractionated, and serum, plasma, 'buffy coat' (leukocytes) and erythrocytes were stored in 0.5 ml straws at À 196 1C.
14 The participants further completed an interview on medical conditions, a sociodemographic and lifestyle questionnaire, and a self-administered validated food frequency questionnaire (FFQ). The EPIC-Potsdam study was approved by the ethics committee of the Medical Society of the State of Brandenburg.
Within EPIC-Potsdam, a subcohort for biomarker measurements was established by randomly selecting 2500 participants from all EPICPotsdam participants who had provided blood samples at baseline (n ¼ 26444). 15 By randomly selecting the subcohort the results are expected to be representative for the full cohort without the need to measure the biomarkers in the full cohort. For the present analysis, participants of the subcohort with implausible energy intakes (o800 and 46000 kcal/day) or missing data on serum metabolite concentrations and covariates were excluded (n ¼ 120). Participants included into the analysis were not markedly different from the original study sample.
Dietary assessment
Habitual diet of the participants was assessed by a self-administered, semiquantitative FFQ at baseline. The FFQ contained 148 items and inquired about frequency and portion size of food and beverage consumption during the preceding 12 months. The frequencies ranged from never to five times per day or more. The participants had to assign their individual portion sizes relative to standard portion sizes. To facilitate the estimation of the individual portion size, standard portion sizes and household measures were illustrated with photos for different foods and dishes. Additional questions of the FFQ inquired about the usual fat content of dairy products and fat quality for food preparation. Usual intake of each food item in grams per day was calculated as the product of frequency and portion size. The FFQ used in the German EPIC-centers has been validated and was shown to generate reproducible results. [16] [17] [18] [19] Measurement of serum metabolites Concentrations of metabolites were measured in baseline serum samples of the EPIC-Potsdam subcohort with the AbsolueIDQ p150 kit (BIOCRATES, Innsbruck, Austria) by flow injection analysis tandem mass spectrometry (FIA)-MS/MS. 20 The targeted metabolomics method simultaneously determined concentrations of 163 predefined metabolites including acylcarnitines (Cx:y), amino acids, hexose (sum of six-carbon monosaccharides without distinction of isomers) and choline-containing phospholipids (lyso-phosphatidylcholines, diacyl-and acyl-alkylphosphatidylcholines and sphingomyelins). For the lipid derivates, fatty acid side chains were abbreviated Cx:y, where x represented the cumulative number of carbon atoms and y the cumulative number of double bonds. All samples were analyzed at the Genome Analysis Center (Helmholtz Zentrum Mü nchen) in 2010. Sample preparation and metabolite quantification of these cohort samples has been described previously. 7 In brief, a robotic system (Hamilton ML star, Bonaduz, Switzerland) conducted the following steps: first, pipetting of 10 ml of serum onto filters with stable isotope-labeled internal standards on a 96-well plate; second, drying of the plates in nitrogen stream; third, derivatization of the amino acids with 5% phenylisothiocyanat reagent; fourth, drying of the plates again; fifth, extraction of the remaining metabolites and internal standards using 5 mM ammonium acetate in methanol; sixth, centrifugation and filtration; and last, dilution of the final extracts with MS running solvent. Analysis of final extracts was performed with an API4000 triple quadrupole mass spectrometer (ABSciex, Framingham, MA, USA). Multiple reactions monitoring in combination with internal standards was applied for the quantification of metabolites, and concentrations were calculated in 'mM' using the MetIQ software package (BIOCRATES, Innsbruck, Austria).
The metabolomic method has been validated by the manufacturer in conformance with the FDA Guideline 'Guidance for IndustryBioanalytical Method Validation, May 2001 21 , which implies proof of reproducibility within a given error range. Analytical specifications for limit of detection and evaluated quantification ranges, further limit of detection for semiquantitative measurements, identities of quantitative and semiquantitative metabolites, specificity, potential interferences, linearity, precision and accuracy, reproducibility and stability were described in Biocrates manual AS-P150. The limits of detection were set to three times the values of the 'zero samples' containing buffer. The lower and upper limit of quantification was determined experimentally by Biocrates. The analytical variation of the EPIC-Potsdam samples was additionally evaluated by measuring 230 replicates of one quality control sample, and the median coefficients of variation were 7.3% within-plate and 11.3% between-plates, respectively. 22 Those metabolites with very high analytical variation and below their limit of detection (mainly hydroxyacylcarnitines) were excluded from the present analysis; thus, the final metabolite set comprised 127 metabolites (17 acylcarnitines, 14 amino acids; 1 hexose; 34 diacyl-phosphatidylcholines; 37 acylalkyl-phosphatidylcholines; 10 lyso-phosphatidylcholines; and 14 sphingomyelins).
Statistical analysis
Descriptive statistics of the study population were obtained by calculating arithmetic mean and standard deviation for continuous variables or percentage for categorical variables. Habitual diet was summarized in 45 predefined food groups excluding alcoholic beverages, which have been previously used in the EPIC-Potsdam study, 23, 24 and was reported as median and interquartile range. The correlation of responses was evaluated by calculating simple Spearman correlation coefficients for the individual metabolites of each class of metabolites and illustrated as circular network graphs with yEd graph editor (yWorks GmbH, Tuebingen. www.yworks.com). As most of the metabolites were normally distributed, they were not transformed. To evaluate the relationship between habitual diet and serum metabolites, a RRR was conducted with the PLS procedure implemented in SAS (statistical analysis software, version 9.2, SAS Institute Inc, Cary, NC, USA). RRR is a statistical method that is frequently adopted when combining dietary pattern analysis with biomarker data; 25, 26 however, to our knowledge it has not yet been used for metabolomic research. Briefly, it determines linear functions of a set of predictors (such as foods) that explain a maximum of the variation in responses (for example, biomarkers and metabolites). 12 In our RRR model, intakes of 45 food groups (continuous in g/day) were considered as the predictor variables, and the metabolites (continuous in mmol/l) were used as response variables in an exploratory approach. Thereby, an Serum metabolites related to habitual diet A Floegel et al individual response set was defined for each class of metabolites (acylcarnitines n ¼ 17, amino acids n ¼ 14; hexose n ¼ 1; diacylphosphatidylcholines n ¼ 34; acyl-alkyl-phosphatidylcholines n ¼ 37; lysophosphatidylcholines n ¼ 10 and sphingomyelins n ¼ 14). Thus, dietary patterns that explain a maximum of the variation of the different classes of metabolites were derived. The total number of extracted diet factor scores equaled the number of individual metabolites, and therefore, depended on the class of metabolites. First, we looked at the variation of metabolites that was explained by all diet factor scores and compared the crude model with different multivariable-adjusted models. Data on food intake was adjusted by taking the residuals from linear regression analysis, entering the covariates age (years) and sex, and a multivariable model with additional adjustment for alcohol intake from beverages (non-consumers; women: 40-6 g/day, 6-12 g/day, 412 g/day; men: 40-12 g/day, 12-24 g/ day, 424 g/day), smoking (never, former, current p20 cigarettes/day, current 420 cigarettes/day), physical activity (average of cycling and sports during summer and winter season in hours/week), education (no degree/vocational training, trade/technical school and university degree), prevalent hypertension (y/n), prevalent diabetes (y/n), body mass index (kg/m 2 ) and waist circumference (cm). In the next step, the first two diet factor scores were explored in more detail, as they explained most of the variation of serum metabolites. Important foods were defined as those with absolute values of factor loadings X|0.2|. The proportion of variation (%) of individual metabolites that was explained by the first two diet factor scores was retrieved. In a sensitivity analysis, the main analysis was repeated when stratified by sex. Next to this exploratory approach that focused on metabolite classes, we also used a hypothesis-driven approach. We repeated the analysis and included two metabolite factors as response variables that have previously been derived by principal component analysis and were linked to risk of incident type 2 diabetes in this population. 7 Thereby, we derived dietary patterns that may be particularly relevant for chronic disease risk.
RESULTS
The present study population comprised 2380 adults (61% women) with a mean age of B50 years, mean body mass index of 26.1 kg/m 2 and mean concentrations of serum metabolites ranged from 45.5 mmol/l for acylcarnitines to 4828 mmol/l for hexose ( Table 1 ). The median intake of 45 foods is presented in Supplementary Table S1 and the median concentrations of individual serum metabolites of this population are presented in Supplementary Table S2 . Most of the metabolites of the same class were strongly positively correlated (Supplementary Figure S1 ).
For each class of metabolites, individual diet factor scores were calculated, which explained most of the variation of metabolites. Overall, the mean proportion of variation of metabolites that was explained by habitual diet ranged from 3.6% for amino acids to 7.7% for acyl-alkyl-phosphatidylcholines in the crude model ( Figure 1 ). It was further decreased after adjustment of food intake for age and sex and was lowest after multivariable adjustment for other covariates. In the multivariable-adjusted model the mean explained variation of habitual diet was highest for acyl-alkyl-phosphatidylcholines, sphingomyelins, diacyl-phosphatidylcholines and lyso-phosphatidylcholines (5.7, 5.1, 4.4 and 4.1%; respectively). The classes of acylcarnitines, amino acids and hexoses were less explained by habitual diet (3.5, 2.2 and 1.6%; respectively). To best account for the potential confounders, only the multivariable-adjusted model was considered for further analysis. The major proportion of variation was explained by the first two diet factor scores ( Figure 2 ).
The class of acylcarnitines was associated with a dietary pattern that included high intake of butter and low intake of margarine (Table 2 ). This pattern was particularly related to higher saturated acylcarnitines, such as C9, C16 and C18, and lower unsaturated acylcarnitines (C8:1, C18:2 and C14:2). A second pattern low in fish, vegetables and whole-grain bread was particularly linked to C14, C2 and C18 acylcarnitines (Table 3) . A food pattern consisting of high intake of potatoes, cornflakes, dairy products, raw vegetables and desserts and low intake of soup and beverages explained the maximum variation of amino acids, and particularly methionine, besides branched chain and aromatic amino acids (Table 2) . Serine was more strongly related to the second dietary pattern with higher intake of canned fruit, fried potatoes and legumes and lower intake of water, low-fat cheese and fish (Table 3) . Hexose was particularly associated with a dietary pattern characterized by high intake of red meat, non-whole-grain bread and fish and low intake of whole-grain bread and tea (Table 2) . A dietary pattern characterized by high intake of fish and poultry and low intake of sweet foods, margarine, tea and whole-grain bread was related to variation of diacyl-phosphatidylcholines (Table 2 ). This pattern best explained polyunsaturated and saturated diacyl-phosphatidylcholines C38:6, C36:0, C38:0 and C40:6. In contrast, a pattern with low intake of fish, whole-grain bread and tea, and higher intake of sauce and butter was associated with the monounsaturated diacyl-phosphatidylcholines C36:1, C28:1 and C34:1 ( Table 3 ). The acyl-alkyl-phosphatidylcholines, particularly C34:0, C36:1, C34:1 and C30:0, were linked to a dietary pattern consisting of high intake of butter, red meat and high-fat dairy products and low intake of margarine and whole-grain bread ( Table 2 ). The unsaturated acyl-alkyl-phosphatidylcholines were associated with a dietary pattern with higher intake of meats and margarine and lower intake of butter and sweet foods ( Table 3 ). The class of lyso-phosphatidylcholines was related to a pattern characterized by high intake of butter, high-fat-dairy and sweet bread spreads and low intake of margarine, low-fat cheese and pasta/ rice (Table 2 ). This dietary pattern was particularly related to Serum metabolites related to habitual diet A Floegel et al lyso-phosphatidylcholine C17:0. A second pattern with high intake of margarine, non-whole-grain bread, meat and coffee and low intake of butter, pasta/rice and tea was particularly linked to lysophosphatidylcholines C20:4 and C18:2 ( Table 3 ). The class of sphingomyelins was related to a dietary pattern with high intake of butter, garlic and coffee and low intake of margarine, fresh fruit and soup (Table 2 ). This pattern was particularly related to the hxdroxy-sphingomyelins. A pattern with low intake of butter, sweet foods, high-fat dairy, fruits and whole-grain bread was particularly associated with the sphingomyelins without hydroxy group (Table 3) . In a sensitivity analysis, the main analysis was stratified by sex. The proportion of variation of habitual diet related to metabolites was higher for men than women across all metabolite classes. Important foods, however, were similar between both sexes (data not shown).
In a hypothesis-driven approach we used two metabolite factors as response variables that have been linked to risk of type 2 diabetes in this population previously. 7 The explained variation of the metabolite factors by dietary patterns was small in the multivariable-adjusted model (o2%). A dietary pattern with high intake of red meat and low intake of whole-grain bread and tea was particularly linked to a metabolite factor associated with higher risk of type 2 diabetes (Table 4) . A pattern consisting of high intake of coffee, cake and cookies, canned fruit and fish was linked to a metabolite factor associated with lower risk of type 2 diabetes.
DISCUSSION
In the present study, we observed that overall only a small proportion of the variation of serum metabolites, including acylcarnitines, amino acids, hexose, diacyl-, acyl-alkyl-and lysophosphatidylcholines and sphingomyelins, was related to habitual diet in the frame of a population-based study. The proportion of explained variation was of similar magnitude as reported in previous studies that investigated dietary patterns in relation to inflammatory biomarkers and blood lipids. 27, 28 In general, this observation may point towards a minor role of usual diet as a determinant of changes in these serum metabolites; however, as food intake was assessed by FFQ, there is a chance of measurement error that could lead to underestimation of the true effects. Diet, in general, may be a direct source of metabolites; however, the interpretation of blood metabolite concentrations remains complex, because other processes have to be considered, 
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all diet factor scores diet factor score 1 diet factor score 2 1 2 3 4 5 6 Figure 2 . Explained variation of metabolites by maximum number of diet factor scores and first two diet factor scores as obtained from RRR for the multivariable-adjusted model in the EPIC-Potsdam subcohort (n ¼ 2380). The multivariable model was adjusted for age (years), sex, alcohol intake from beverages (non-consumers; women: 40-6 g/day, 6-12 g/day, 412 g/day; men: 40-12 g/day, 12-24 g/day, 424 g/day), smoking (never, former, current p20 cigarettes/day, current 420 cigarettes/day), physical activity (cycling and sports in hour/week), education (low, medium and high), prevalent hypertension, prevalent diabetes, BMI (kg/m 2 ) and waist circumference (cm). Note: the maximum number of factor scores is given by the number of individual metabolites per metabolite subclass (n). Figure 1 . Explained variation of metabolites by maximum number of diet factor scores as obtained from RRR comparing different adjustment models in the EPIC-Potsdam subcohort (n ¼ 2380). The multivariable model was adjusted for age (years), sex, alcohol intake from beverages (non-consumers; women: 40-6 g/day, 6-12 g/day, 412 g/day; men: 40-12 g/day, 12-24 g/day, 424 g/d), smoking (never, former, current p20 cigarettes/day, current 420 cigarettes/day), physical activity (cycling and sports in hour/week), education (low, medium and high), prevalent hypertension, prevalent diabetes, BMI (kg/m 2 ) and waist circumference (cm). Note: the maximum number of factor scores is given by the number of individual metabolites per metabolite subclass (n).
such as metabolic transformations of nutrients, gut microbiota composition, homeostatic control mechanisms and de novo synthesis, to name a few. 8 It is possible, that the metabolites included into this study may better reflect endogenous processes than dietary intake. In addition, recent diet may be a stronger determinant of serum metabolites compared with habitual diet. 29 Of the metabolite classes, choline-containing phospholipids and acylcarnitines were most explained by dietary patterns in our study. These classes include lipid metabolites that are involved in fatty acid transport and oxidation, 1, 30 and thus, could be reflective of fat intake and consequent metabolism. Hexose and amino-acid concentrations were least explained by dietary patterns. This may be due to the tight regulation of blood levels of glucose and amino acids by homeostasis and hormonal control mechanisms. 31, 32 In the following paragraphs, the individual metabolite classes are discussed in more detail.
Acylcarnitines
Acylcarnitines represent the fatty-acid derivates of carnitine and are substrates and products of mitochondrial beta-oxidation. Free carnitine in blood can directly be derived from dietary Table 2 . Important foods and the individual metabolites that were best explained by the first diet factor score Presented are foods with factor loading X|0.2|; factor loadings are presented in parenthesis. Model was multivariable-adjusted for age (years), sex, alcohol intake from beverages (non-consumers; women: 40-6 g/day, 6-12 g/day, 412 g/day; men: 40-12 g/day, 12-24 g/day, 424 g/day), smoking (never, former, current p20 cigarettes/day and current 420 cigarettes/day), physical activity (cycling and sports in h/week), education (low, medium and high), BMI (kg/m 2 ), waist circumference (cm), prevalent hypertension (y/n) and prevalent type 2 diabetes (y/n). Metabolites are ranked from largest to smallest % variation explained by the diet factor score. Cx:y, where x represents the number of carbon atoms and y the number of double bonds of fatty acids. C0 is free carnitine. DC, dicarboxyl; OH, hydroxy; M, methyl. Negative sign indicates negative weight of response variable.
Serum metabolites related to habitual diet A Floegel et al sources, particularly red meat, as well as secondary from de novo synthesis. 33 In the present study, saturated acylcarnitines were linked to butter intake and unsaturated acylcarnitines to margarine intake. This may be explained by the differential fatty acid composition of butter and margarine, as butter usually contains higher amounts of saturated fatty acids. 34 Thus, our observations suggest that serum acylcarnitines may reflect degradation products from fatty acid oxidation which were initially supplied from fatty food intake.
Amino acids In our study, methionine and branched chain amino acids were explained by a pattern high in dairy products, potatoes, vegetables and cornflakes, and low in beverages. Serine was better explained by a dietary pattern characterized by high intake of canned fruit, fried potatoes and legumes and low intake of water and low-fat cheese. In agreement, important dietary sources for amino acids include meat, dairy products, legumes, starchy foods and cereals, and to lower amounts, fruits and vegetables. 35, 36 In our study, in general the essential amino acids were better explained by habitual diet, which is plausible; thereby, methionine was best explained. Methionine conversion generates the universal methyl-group donor S-adenosylmethionine, which is part of many biochemical pathways and also required for epigenetic modifications. 37 Interestingly, methionine also represents an intermediate of carnitine and phosphatidylcholine biosynthesis and is thereby connected to lipid metabolism. 38 Methionine may be particularly derived from cereals and it has been shown that methionine may be protective in atherosclerosis and cognitive impairment. 38 The branched chain amino acids isoleucine and valine may be directly derived from dietary sources. In addition, they have been linked to higher risk of type 2 diabetes in the Framingham Offspring study and Malmö Diet and Cancer study 6 and recently also in EPIC-Potsdam. 7 Serine, however, is not only derived from diet but also from de novo synthesis.
Hexose
Hexose represents the sum of all six-carbon monosaccharides; thereby, the major component is glucose. Recent work from our Table 3 . Important foods and individual metabolites that were best explained by the second diet factor score Note: there is only one response variable for hexose; thus, only one diet factor score was extracted.
a Presented are foods with factor loading X|0.2|; factor loadings are presented in parenthesis. Model was multivariable-adjusted for age (years), sex, alcohol intake from beverages (non-consumers; women: 40-6 g/day, 6-12 g/day, 412 g/day; men: 40-12 g/day, 12-24 g/day, 424 g/day), smoking (never, former, current p20 cigarettes/day and current 420 cigarettes/day), physical activity (cycling and sports in hour/week), education (low, medium and high), BMI (kg/m 2 ), waist circumference (cm), prevalent hypertension (y/n) and prevalent type 2 diabetes (y/n). b Metabolites are ranked from largest to smallest % variation explained by the diet factor score. Cx:y, where x represents the number of carbon atoms and y the number of double bonds of fatty acids. C0 is free carnitine. DC, dicarboxyl; OH, hydroxy; M, methyl. Negative sign indicates negative weight of response variable.
Serum metabolites related to habitual diet A Floegel et al group suggested that hexose concentrations were strongly linked to risk of type 2 diabetes. 7 Hexose in our study was linked to a pattern with high intake of red meat and non-whole-grain bread and low intake of whole-grain bread and tea. It has previously been reported that a 'traditional' dietary pattern containing red meat was associated with higher levels of blood glucose in a Dutch population. 39 Accordingly, some intervention studies reported higher blood glucose levels with increased red meat intake, whereas others reported no association. 40, 41 Furthermore, consumption of red meat and high-glycemic index foods has previously been found to be associated with higher risk of chronic diseases such as type 2 diabetes. 42 In addition, a recent metaanalysis reported that high whole-grain intake was associated with lower risk of type 2 diabetes and CVD in prospective cohort studies, and lower plasma glucose concentrations in intervention studies. 43 Tea intake has also been inversely associated with risk of chronic diseases. 44 With hexose as an established marker of hyperglycemia a plausible dietary pattern including foods that have previously been linked to risk of chronic disease could be identified. This underlines the potential of the statistical method RRR to identify biologically relevant dietary patterns, and encourages its use also for less-established biomarkers and metabolites of chronic disease risk.
Choline-containing phospholipids Phosphatidylcholines, lyso-phosphatidylcholines and sphingomyelins are main components of cellular membranes and part of blood lipoproteins. They can be distinguished according to the type of bonding (diacyl-phosphatidylcholines contain two esterbonds whereas acyl-alkyl-phosphatidylcholines contain an ester and an ether bond), number of fatty acid bonds (lyso-phosphatidylcholines are derived from phosphatidylcholines by elimination of one fatty acid) and backbone (sphingomyelins contain a ceramid core instead of glycerol, which is the backbone in phosphatidylcholines). In our study, diacyl-phosphatidylcholines were positively linked to fish and poultry intake and inversely associated with the intake of sweet foods, whole-grain bread and tea. Poultry and fish are important sources of dietary choline, which is required for hepatic phosphatidylcholine biosynthesis. 45, 46 It was previously shown that mice on a choline-deficient diet had lower phosphatidylcholine concentrations, and accumulated hepatic fat. 47 Particularly, diacyl-phosphatidylcholines C36:1, C32:1 and C40:4, which were linked to a dietary pattern characterized by low intake of fish, whole-grain bread and tea and high intake of sauce, have been linked to higher risk of type 2 diabetes in this population previously. 7 Acyl-alkyl-phosphatidylcholines, sphingomyelins and lyso-phosphatidylcholines were linked to high butter and high-fat dairy and low margarine intake. A previous meta-analysis including intervention studies on butter versus margarine intake reported that these foods differentially affected blood lipoproteins, which could also affect the phospholipids, and concluded that high-quality margarine should be preferred over butter. 48 In our study population, however, acyl-alkylphosphatidylcholines, sphingomyelins and lyso-phosphatidylcholines, which were linked to a pattern with high butter intake, were linked to lower risk of type 2 diabetes. 7 Thus, butter intake may not necessarily be linked to higher risk of chronic diseases. An individual metabolite that was largely explained by a dietary pattern with high intake of butter and high-fat dairy and low margarine intake in our study was lysophosphatidylcholine C17:0, which contains heptadecanoic acid. This saturated fatty acid with odd number of carbon atoms cannot be synthesized by the human body, but only by microbiota in the rumen of ruminants. Thus, it is mainly derived from milk fat, and was previously suggested as a biomarker for dairy fat intake. 49 This may be one reason why it may better be explained by habitual diet than other metabolites in our study.
Metabolite factors associated with risk of type 2 diabetes We identified type 2 diabetes-relevant dietary patterns with two metabolite factors as response variables. Important foods included high intake of red meat, low intake of whole-grain bread, tea, coffee, cake and cookies, canned fruit and fish. Most of these foods have previously been associated with higher risk of chronic diseases in this study population and other prospective cohorts. 24, [42] [43] [44] The strengths of our study include that we conducted a metabolomics analysis in the frame of a large population-based study. We considered a large variety of foods and metabolites, which underscores the exploratory nature of our study. Further, we applied a statistical method from dietary pattern analysis to a metabolomics study, which to our knowledge has not been done, yet. Our study was, however, limited. We used a cross-sectional design, and therefore, cannot show temporality and causality. However, little is known about the association between habitual Presented are foods with factor loading X|0.2|; factor loadings are presented in parenthesis. Model was multivariable-adjusted for age (years), sex, alcohol intake from beverages (non-consumers; women: 40-6 g/day, 6-12 g/day, 412 g/day; men: 40-12 g/day, 12-24 g/day, 424 g/day), smoking (never, former, current p20 cigarettes/day and current 420 cigarettes/day), physical activity (cycling and sports in hour/week), education (low, medium and high), BMI (kg/m 2 ), waist circumference (cm), prevalent hypertension (y/n) and prevalent type 2 diabetes (y/n). b Two metabolite factors that have previously been derived by principal component analysis and that were linked to risk of incident type 2 diabetes in this population 7 were included as response variables, and consequently two dietary patterns were derived. The metabolite factors were calculated as linear combinations of the weighted and standardized metabolite concentrations according to the following formulas: factor 1 ¼ 0. Serum metabolites related to habitual diet A Floegel et al diet and variation of serum metabolites on population scale; thus, this cross-sectional analysis may give some first ideas. In addition, it may be a particular challenge to conduct a prospective study on this topic, as prospective cohort studies are often restricted to a single baseline blood sample collection. Habitual diet was self-reported and assessed by FFQ, which is a feasible instrument in epidemiologic studies. Although the EPIC-Potsdam FFQ included a large variety of foods, has previously been validated and was shown to generate reproducible results, [16] [17] [18] [19] it may be susceptible to measurement error. In general, imprecision of the dietary assessment could lead to underestimation of the impact of habitual diet on serum concentrations of metabolites. 50 In addition, a systematic measurement error could lead to overor underestimation of the true effect. To overcome this limitation, another approach would be to assess recent diet by use of 24-hour dietary recalls, and to study the association between recent diet and serum metabolites in future studies. Measurement of serum metabolites may depend on the analytical technique used, and may be prone to high within-person variation. However, as shown in our previous study, 22 most serum metabolites were reliable over time; metabolites that showed high technical variation were further excluded. Last, the study is limited to the metabolites included into the kit. It is possible that other metabolite classes may be more strongly linked to habitual diet, for example, secondary plant metabolites with fruit and vegetable intake.
In conclusion, in the frame of a population-based study we found that habitual diet was weakly linked to serum metabolites studied here. Dietary patterns that contributed most to variation of serum metabolites were characterized by the following foods: butter, margarine, whole-grain bread, tea, coffee, red meat, fish and dairy products. Of them, particularly, dietary patterns with high intake of red meat and low intake of whole-grain bread, tea and coffee were linked to disease-relevant metabolites, and thus, could be potential targets for chronic disease prevention. Future studies are needed to verify these findings. They should include additional metabolites and more precise dietary assessment methods, for example, 24-hour dietary recalls.
